This work assesses the potential of multidimensional fluorescence spectroscopy 2 combined with chemometrics for characterization and authentication of Spanish 3
Introduction 16
Vinegar is a product used worldwide as a condiment and food preserving agent, 17 obtained by a double fermentation process (alcoholic and acetic fermentation) of 18 sugary and starchy substrates (FAO, 1998) . Vinegar can be produced by different 19 methods and raw materials (such as malt, apple, rice, etc.), among which, wine vinegar 20 is the most commonly produced and consumed vinegar in Mediterranean countries and 21
Central Europe (Polo & Sanchez-Luengo, 1991) . 22
For many years, wine vinegar has been considered as a low-cost secondary 23 product spontaneously derived from wine production. However, in recent years wine 24 vinegar has become a valued food product much appreciated in gastronomy. As a 25 result, the demand for high-quality wine vinegars has significantly increased over the 26 last years. In this framework, Spain is one of the major producers of high-quality wine 27 vinegars, including three of the five types of vinegar registered in Europe (Council 28
Regulation (EC) No 510/2006) with a "Protected Designation of Origin" (PDO): "Vinagre 29
de Jerez", "Vinagre de Montilla-Moriles" and "Vinagre de Condado de Huelva" (Table I  30 inexpensive, non-destructive and direct methodologies based on non-targeted 50 techniques for food authentication. Fluorescence spectroscopy has been increasingly 51 applied as a competitive, high sensitivity, fast and non-destructive technique in food 52 analysis (Karoui & Blecker, 2011) . This spectroscopic technique has been more 53 commonly used in wine (Airado-Rodŕiguez, Galeano-D́iaz, Durán-Merás, & Wold, 54 2009; Azcarate et al., 2015), but rarely adopted for wine vinegar samples (Callejón et 55 al., 2012) and hence, there is still scarce information about vinegar fluorescent 56
In this context, the aim of this work was to investigate the feasibility of using 120 categories of "Vinagre de Condado de Huelva" PDO, the most commercialized vinegar 156 categories were, in decreasing order: "Solera" (CSO), "Reserva" (CRE) and "Añada" 157 (CAN). In the same way, "Vinagre de Montilla-Moriles Crianza" (MCR) was the most 158 commercialized one of the "Vinagre de Montilla-Moriles" PDO due to the recent 159 incorporation to the Spanish PDOs. 160
Fluorescence analysis 161
Fluorescence measurements were recorded using a Varian Cary-Eclipse 162 fluorescence spectrophotometer (Varian Iberica, Madrid, Spain), equipped with two 163
Czerny-Turner monochromators, and a Xenon discharge lamp pulsed at 80 Hz with a 164 half peak height of ∼2 µs (peak power equivalent to 75 kW). A high-performance R298 165 photomultiplier tube detector was used for collection of the fluorescence spectra. Wine 166 vinegar samples were directly analysed without sample pre-treatment by pipetting them 167 into 3.5 mL quartz cuvettes before measurement. Standard quartz cells (Hellma 168
Analytics, Müllheim, Germany) of 1 cm path length were used to carry out the 169 measurements in a Peltier thermostatted cuvette holder (25.00 ± 0.05 •C). The 170 spectrometer was interfaced to a computer with Cary-Eclipse software for spectral 171 acquisition and exportation. 172
The fluorescence Excitation-Emission Matrices (EEMs) were obtained by varying 173 the excitation wavelength (λ ex ) ranging between 250 and 700 nm (every 5 nm), and 174 recording the emission spectra (λ em ) from 300 to 800 (every 2 nm). For these 175 measurements, excitation and emission slits were both set at 5 nm, and the scan rate 176 was fixed to 1200 nm min -1 . The system was wavelength calibrated every day by 177 means of the water Raman peak to account for a possible wavelength drift of the 178 instrument. EEMs were registered by triplicate for each sample and preprocessed in 179 order to avoid noisy and non-informative areas by selecting shorter spectral ranges (λ ex 180 from 250 to 680 nm, and λ em from 310 to 800 nm). 181 (EEMs) where the Rayleigh bands are. Alternatively, FLUCUT may also be used to 191 generate weights that can be used for deweighting (instead of eliminating) these 192 regions.
Parallel Factor Analysis (PARAFAC) 194
PARAllel FACtor models were performed on the corrected EEM data in order to 195 extract the relevant information and develop models for: (1) different wine vinegar 196 categories belonging to the same Spanish PDO, and (2) similar wine vinegar 197 categories belonging to different Spanish PDOs. 198
Before modelling, the EEM landscapes corresponding to the same Spanish 199 PDO (1) were rearranged into a three-dimensional structure (X) of size (3 replicated 200 samples x λ em x λ ex ): 90 x 246 x 87 for the PDO "Vinagre de Jerez"; 54 x 246 x 87 for 201 the PDO "Vinagre de Montilla-Moriles", and 63 x 246 x 87 for the PDO "Vinagre de 202
Condado de Huelva". In a similar way, the EEM landscapes corresponding to similar 203 wine vinegar categories but different Spanish PDOs (2) were organized into a three-204 way array (X) of size (3 replicated samples x λ em x λ ex ): 78 x 246 x 87 for "Crianza"; 66 205
x 246 x 87 for "Reserva" category, and 27 x 246 x 87 for "Pedro Ximenez" categories. 206
No PARAFAC analysis was carried out for the "Gran Reserva" category due to the 207 limited number of samples. 208
Then, each three-way dataset (X) was decomposed by PARAFAC (Bro, 1998) . 209
The proper number of factors for each model was determined by using the CORe 210
CONsistency DIAgnostic test (CORCONDIA) (Bro & Kiers, 2003) , the percentage of 211 variance explained by the model and the visual inspection of the recovered spectral 212 profiles and residuals. Non-negative constraints for all modes (concentrations and both 213 spectral profiles) were applied to obtain meaningful chemical solutions. 214 215
Classification methods 216
Partial Least Squares-Discriminant Analysis (PLS-DA) (Nocairi et al., 2005) and 217 Support Vectors Machines (SVM) (Vapnik, 1999) algorithms were used to build 218 classification models for discrimination the wine vinegar category within each Spanish 219 PDO. On the one hand, PLS-DA is a classification method based on partial least 220 squares regression (PLS) that transforms the data into a set of linear latent variables 221 for predicting the dependent or class variable, making models that allow the maximum 222 separation among classes. The class variable forms a so-called dummy matrix that 223 indicates whether a sample belongs to a certain class or category. In our study, threedifferent wine vinegar categories were considered in each Spanish PDO, therefore, the 225 dimensions of each dummy matrix was 3x3. As the results obtained in our study for the classification of wine vinegar categories 240 within each PDO showed that SVM developed better classification models, only 241 Support Vectors Machines (SVM) was used to build classification models for 242 distinguishing the Spanish PDOs in each similar wine vinegar category ("Crianza", 243
"Reserva" and "Pedro Ximenez"). For both approaches, scores of each sample from 244 PARAFAC models were used, 95% confidence intervals were considered for the 245 classification models and vinegar samples were randomly divided into two groups. 246
The first group of samples (training set), comprising the 75% of samples, was used 247 for calibration and internal validation of the models by means of a venetian blinds 248 cross-validation procedure. For discrimination of the wine vinegar category within each 249 Spanish PDO, this dataset (samples analysed in triplicate) was formed by 63 ("Vinagre 250 The second group with the remaining samples (test set) was used as external 255 independent dataset to evaluate the discriminative power of the models (external 256 validation). This dataset was formed by 25% of the samples, and consisted of (samples 257 replacing the first and second order Rayleigh scattering). As it can be observed, the 286 shape of the EEM spectra varies within the same Spanish PDO, which allows us to 287 confirm a priori differentiation according to the wine vinegar category (aged or sweet). 
Rodríguez et al., 2011). 312
In contrast, the fluorescence landscapes of the sweet vinegar categories, denoted 313 as "Pedro Ximenez" (JPX and MPX) show a highly intense fluorescent area between 314 550-570 nm and 600-650 nm of excitation and emission wavelengths, respectively. 315
From these observations, it is clear that the fluorescence landscapes of these 330
Spanish PDOs vinegars contain several fluorophores that are highly overlapped in both 331 excitation and emission spectra. In this sense, further decomposition of EEM spectra 332 by PARAFAC will help to clarify the potential fluorophores present in each vinegar 333 category. 334
Potential fluorophores of the Spanish PDO wine vinegars 335
Three individual PARAFAC models were built in order to extract the excitation and 336 emission profiles of the main fluorophores present in the Spanish PDOs vinegars (as 337 described in section 2.3.1). The optimum number of factors for each PARAFAC model 338 was selected comparing the quality parameters of the models built for an increasing 339 number of factors (ranging from one to seven). Specifically, the best PARAFAC models 340 obtained for each Spanish PDO were 5-factor PARAFAC models for the "Vinagre de 341
Jerez" and "Vinagre de Montilla-Moriles" PDOs, and a 4-factor PARAFAC model for the 342 "Vinagre de Condado de Huelva" PDO. The obtained models were enough robust, 343 explaining more than 99% of the variance with a core consistency over zero (Table III  344 Supplementary Material), and represented the underlying chemical spectra of the 345 fluorophores present in these vinegars. to be related to the special characteristics of the category "Pedro Ximenez" for which a 409
higher mean values of this factor was detected in this category (Table V  410 Supplementary Material). The absence of this factor in the "Vinagre Condado de 411
Huelva" model also confirms this hypothesis since this sweet category is not registered 412 in this PDO. 413 414
Vinegar category classification within each Spanish PDO 415

Two different approaches, Partial Least Squares Discriminant Analysis (PLS-DA) 416
and Support Vector Machines (SVM), were used for the development of classification 417 models of Spanish PDO vinegars according to their category. In all cases, the best 418 PLS-DA models were obtained using two latent variables (LVs). This optimum number 419 of LVs was chosen based on the Root Mean Square Error of Cross-Validation 420 (RMSECV), the ROC curves and de variance captured. On the other hand, the optimal 421 parameters for the optimization of SVM models, log 10 (C) and log 10 (γ), were found to 422 be 2 and between -2 and -0.5, respectively. The statistical assessment of the 423 performance of both classification models was carried out by calculating and 424 comparing different classifiers (described in section 2.3.2) such as sensitivity, 425 specificity and classification error of calibration (CAL), cross-validation (CV) and 426 prediction (PRED). These statistical results are shown in Table 2 . 427
Regarding the PLS-DA models, high sensitivity and specificity values were 428 
Callejón et al., (2012). 452
In contrast, higher sensitivity and specificity levels were obtained for all Spanish 453 PDO vinegars using SVM models ( Table 2 ). The optimal parameters for the 454 optimization of SVM models ,log 10 (C) and log 10 (γ), were optimized in the traditional 455 way by using an independent test set (Cristianini & Shawe-Taylor, 2000). Between 456 92% and 100% of the samples were correctly classified in all categories. Even more, all 457 samples belonging to the Spanish PDO "Vinagre de Montilla-Moriles" were perfectly 458
classified. Further information about the misclassified category samples within each 459
Spanish PDO is summarized in the confusion matrices shown in Table VI  460 (Supplementary Material). These results also point out that SVM does not need a large 461 number of samples to make a good model, as occurs in our study with some 462 categories, and further, it is not affected by the presence of outliers. These results 463 demonstrated that this methodology could be successfully used for the authentication 464 of the vinegar category belonging to each Spanish PDO.
In this classification task, the objective was to classify the samples by their PDO for 469 a single category. Three PARAFAC models were built according to the vinegar 470 categories under study, i.e. "Crianza", "Reserva" and "Pedro Ximenez", in order to 471 discriminate their corresponding Spanish PDO. In a similar way to the previous 472 sections, the best PARAFAC models obtained for each vinegar category were selected 473 comparing the quality parameters of the models, which are shown in Table VII  474 (Supplementary Material). In this case, a 4-factor PARAFAC model was obtained for 475 "Crianza", while a 5-factor PARAFAC model was built for "Reserva", and a 3-factor 476 PARAFAC model was constructed for "Pedro Ximenez" category. The obtained models 477 explained more than 97.0% of the variance with a core consistency over zero. The 478 related PARAFAC loadings (excitation and emission spectra) obtained for the models 479 corresponding to each vinegar category are illustrated in Figure 3 . 480
The maxima wavelengths (λ ex and λ em ) of the different factors obtained for the 481 "Crianza", "Reserva" and "Pedro Ximenez" PARAFAC models match with the different 482 fluorophores described in detail in section 3.2. As shown in Figure 3 , the "Crianza" For all the categories under study, the relative values of these factors (scores) varycategories depends also on the raw material used (wine) and on the different 505 production methods to which the vinegars have been subjected in each PDO. Thus, 506 these particular characteristics reflected by the scores provide the chance to 507 discriminate the Spanish PDO corresponding to similar wine vinegar categories. In this 508 case, related to the proven higher ability of prediction previously obtained (Table 2) , 509
only SVM classification models were built. The parameters for the optimization of the 510 SVM models, log 10 (C) and log 10 (γ), were found to be 2 and between -1 and 0, 511 respectively. Table 3 summarizes the statistical results (sensitivity, specificity and 512 errors) of the performance of the SVM models. 513
Regarding the "Crianza" category, high sensitivity and specificity values were 514 obtained for these samples according to their origin (Spanish PDO) with classification 515 errors of prediction lower than 3.5% (Table 3 ). These results demonstrate that it is 516 possible to successful differentiate the Spanish PDO of "Crianza" vinegars according to 517 their fluorescent composition that is highly related to the raw material (wine) used. 518
Furthermore, all the samples belonging to the "Pedro Ximenez" category were correctly 519 classified in the "Vinagre de Jerez" and "Vinagre de Montilla-Moriles" PDOs. The high 520 levels of sensitivity and specificity and the good classification rates obtained were 521 explained by the different production process employed by each Spanish PDO. 522 "Reserva" was the worst classified category according to the PDOs, showing sensitivity 523
and specificity values higher than 70% and predicted errors lower than 15%. In the 524 case of samples belonging to "Vinagre de Montilla-Moriles", 100% of the "Reserva" 525 vinegars were correctly classified, and only some samples were misclassified between 526 "Vinagre de Jerez" and "Vinagre de Condado de Huelva" PDOs (Table VIII  527 for the three Spanish PDOs wine vinegars: the spectral maxima were shifted towards 541 longer wavelengths with the aging of these vinegars. Moreover, the sweet category 542 "Pedro Ximenez" showed its excitation and emission maxima even at longer 543 wavelengths than the aged categories, probably due to the different production process 544 to which these vinegars are subjected. PARAFAC was carried out to spectroscopically 545 of prediction (between 92% and 100% correctly classified samples) than PLS-DA 553 models, especially for classifying aged vinegar categories with similar spectroscopic 554 characteristics. Furthermore, SVM models were also able to differentiate the Spanish 555
PDOs even for similar vinegar categories due to their spectral differences. 556
The advantages of this methodology, e.g. fast, non-destructive and non-sample 557 preparation, would allow implementing this method as an alternative tool for PDO 558 regulatory councils and producers to be implemented in routine analysis. It could be 559 applied for assessing the authenticity of the Spanish PDO and the vinegar category. 560
Finally, it is expected that further information about the specific ageing periods to which 561 these vinegars are subjected will improve the performance of some classification 562 models. 
